Collision-sport athletes, especially football players, are exposed to a higher number of repetitive head impacts. Little is known, however, regarding the effects of long-term exposure to repetitive head impacts on brain tissue structure and the locations (i.e. superficial or deep tissue structures) affected. On top of this, little is known about the effects of highly competitive athletics on brain tissue structure. We investigated this relationship, including the baseline effect of collegiate athletic participation, by mapping measures of microstructure to cortical and subcortical white matter parcels and major white matter tracts of varsity IU football players, cross-country runners, and non-athlete students using advanced microstructural mapping techniques and machine-learning. We tested a series of hypotheses on the differences between the subject groups. To do so, we implemented an innovative approach to statistical hypothesis testing combining advanced white matter tissue properties and machine-learning classifiers. We used cross-validation to select the best subject group model and best machine-learning classifier. Wide-spread differences in brain tissue microstructure across cortical, subcortical, and major white matter structures were documented. The tissue properties of the major white matter tracts were found to best predict collision-sport participation and sports participation in general, however, cortical and subcortical white matter parcels were also found to predict collision-sports participation. The biggest differences in brain tissue microstructure is between the athletes (football and cross country combined) and the non-athletes students. The rewards and risks of playing competitive sports at the highest collegiate level may account for the differences in brain microstructure. This was the first investigation into the effects of repetitive head impacts to use an open-source data processing platform brainlife.io . The data and code for these analyses are available via brainlife.io . Brains, Machines, Children." We thank Soichi Hayashi, David Hunt and Steven O'Riley for contributing to the development of brainlife.io,
Introduction
Elite athletes are highly motivated individuals with physical and psychological characteristics that make them uniquely fit to compete in a sport ( Figure 1a ). A majority of the research attention has focussed on the potential detriment of sports participation for the long term physical and cognitive health ( Figure 1b ) . Indeed, as of today, the potential benefits of elite sports participation to the brain tissue and the inherent differences between the elite sport athletes compared to the normal population is much less studied and understood ( Figure 1c ).
The potential risks to the brain tissue from participation in impact-prone sports is of major interest to society ). In Division 1 NCAA Collegiate Football, a starting player may receive up to 1,400 head impacts in one season, and the average starting player receivers 200-400 impacts per season, with peak linear and rotational acceleration of around 20g and 1400 rad/s 2 , respectively (Broglio et al., 2010; Crisco et al., 2011 Crisco et al., , 2010 Gysland et al., 2012; Myer et al., 2016b) . Among elite athletes, American Football players have received increasing attention due to the high rate of body and head collisions in the sport and the higher prevalence of symptoms related to neurodegenerative disorders in retired athletes as compared to the general population (Gavett et al., 2011; McKee et al., 2009; Mez et al., 2017; Saulle and Greenwald, 2012) . The potential for brain tissue damage is greater in these athletes than those that participate for example, in non-collision sports, such as Cross-Country. Historically, the concern into the effects of head impacts in collision sport athletes has been focused on concussion and traumatic brain injury (TBI). However, only a small proportion of head impacts in American Football lead to a concussion diagnosis, as the estimated rate of concussions in is less than 1.5 concussions across both practice and game sessions (Kerr et al., 2017) . The concern among some scientists is repetitive head impacts may be more detrimental to athletes than concussions, as they have been associated with a higher risk of developing a neurodegenerative disorders, most-notably Chronic Traumatic Encephalopathy (CTE; Figure 1d ) (Critchley, 1957; Gavett et al., 2011; McKee et al., 2009; Roberts, 1969) . Figure 1. Multiple effects of head impact and sports participation on deep and superficial brain tissue. a. Example of collision ( left ) and non-collision ( middle ) sports and non-athlete ( right ) participants investigated in this study. Athletics participation has been found to have a variety of psychological and physiological effects on the body, including the brain. However, little is known regarding the exact effects of elite sports participation on brain tissue structure. Note. Final images will be added to panel a , after acceptance to the journal. b. Illustration of the potential effects from collisions on brain tissue. Inertial forces (blue arrows) generated from the linear or rotational accelerations of the impact and contact affect primarily deep and long-rage neuronal fibers and white matter. Dispersive forces (red arrows) generated by a single point head impact. Inertial forces (blue) travel along the major axis of head motion during head rotation -we suggest that these forces are most likely to affect long-range neuronal fibers and deep white matter tissue. Contact forces (red) are local and disperse in multiple, fanning, directions -we speculate that these forces are more likely to affect superficial brain structures and superficial white matter. These forces can have differential impacts on neuronal tissue. Healthy neuronal fibers (i.e. left) can be highly oriented, and densely packed. Neuronal fibers (i.e. right) undergoing repetitive sub-concussive hits may become damaged, less cohesively oriented, less packed or even swollen due to secondary contact forces. (Image modified from Wikipedia , CC BY license , original by P.J. Lynch) c. Same changes in orientation of neurites can be observed via neuroplasticity and generation of new neuritic processes from sports participation ( left ). This positive effect of sports participation on white matter tissue structure is much less investigated than the detrimental effects, as indicated by the number of PubMed citations obtained ( right ). Searches conducted December 2019, see Methods for more details. D. Example of long-term effects of life-long subconcussive impacts. The left image is the post-mortem brain of normal healthy-aging individual. The right image is the brain of an individual diagnosed with advanced Chronic Traumatic Encephalopathy (CTE; Boston University Center for the Study of Traumatic Encephalopathy ).
Athletes participating in contact sports, for example American Football (Critchley, 1957; Gavett et al., 2011; McKee et al., 2013; Roberts, 1969) , have a serious but currently quantitatively unknown risk factor for developing Chronic Traumatic Encephalopathy (CTE, Figure 1d ). CTE affects both the psychological and emotional wellbeing of individuals in later life, substantially decreasing their quality of life and independence (Iverson et al., 2018; Jordan, 2013; McKee et al., 2013 McKee et al., , 2010 Mez et al., 2017; Montenigro et al., 2017 Montenigro et al., , 2014 Omalu et al., 2011 Omalu et al., , 2005 Saulle and Greenwald, 2012; Victoroff, 2013) . Unfortunately, CTE can only be diagnosed unequivocally post-mortem by a neuropathologist examining the brain for phosphorylated Tau protein aggregates at the depths of sulci in the perivascular region (Blaylock and Maroon, 2011; Gavett et al., 2011; Saulle and Greenwald, 2012) . To date, no imaging biomarker exists for CTE in the living human brain, especially early during disease progression. Because of the late onset of CTE, developing imaging biomarkers for early prognosis of CTE or even for classification of individuals into groups with different risk levels for developing CTE has become of high importance for athletics and those exposed to repetitive head impacts. A major need remains to develop imaging biomarkers that allow making decision pertaining sport participation, with the goal to minimize the risks to individuals without limiting access to and the benefits of sport participation.
Different types of forces affect the brain following an impact to the head or body. These forces are generally subdivided into contact and inertial (McAllister, 2011; Meaney and Smith, 2011) ( Figure 1b ). Immediately following an impact, the acceleration due to the contact forces is loaded onto the surface of the brain potentially imposing superficial brain tissue compression and dispersion ( Figure 1b red) . Inertial forces follow thereafter translating the impact onto the deep brain tissue, affecting also long range brain structures ( Figure 1b blue). Contact and inertial forces have been shown to lead to a plethora of alterations such as, neuronal membrane permeability and axonal swelling (Geddes et al., 2003a (Geddes et al., , 2003b LaPlaca et al., 2005) , neuronal response alterations (Kao et al., 2004; Lamb et al., 1997; Zhang et al., 1996) , axonal beading (Gaetz, 2004; Kilinc et al., 2009 Kilinc et al., , 2008 Maxwell and Graham, 1997) , shearing of the long-range neuronal fibers (Adams et al., 1989 Gennarelli et al., 1982; Johnson et al., 2013; Nevin, 1967; Povlishock et al., 1983; Povlishock and Becker, 1985; Povlishock and Katz, 2005) , inflammatory cascades (Giza and Hovda, 2014; Israelsson et al., 2008; Shultz et al., 2012) all the way to Wallerian degeneration and axotomy (Armstrong et al., 2016; Frati et al., 2017; Maxwell et al., 2015; Pierpaoli et al., 2001; Rotshenker, 2007; Yoshimine et al., 2018) . Athletes are exposed to increased risks of musculoskeletal injury, increased stress and anxiety, with increased risk for chronic inflammation (Gleeson, 2007; Hootman et al., 2007; Rice et al., 2019) . This increased inflammation may potentially impact brain tissue microstructure and lead to neuroinflammatory processes Kempuraj et al., 2017) . Understanding the effect of impacts on brain tissue, neuronal as well as white matter, can lead to understanding the detrimental effects of sports participation and, in the long term, the conditions under which CTE may develop.
A major societal need is understanding the potential benefits of sports participation, not just the potential detrimental effects. Clarifying the full effect sports participation to the living human brain tissue, neural as well as white matter, is paramount to charting pros and cons of sport participation. Indeed, only a very small percentage of former athletes have been ever diagnosed with CTE. Despite the potential negative aspects of sports participation, there are many well-known health benefits to sports participation including better cardiovascular health, lowered risk of heart and metabolic disease, and better overall quality of life (Malm et al., 2019) . Among the benefits of sports participation, increased synaptogenesis and dendritic spine density has also been documented following physical exercise (Hötting and Röder, 2013) . Physical exercise has even been documented to have anti-inflammatory properties (Flynn et al., 2007) . Despite this evidence, the full effect of elite sports participation on brain tissue structure is not well understood. Specifically, the potential effect of sport participation on the brain white matter has not been characterized. In order to better understand the long-term effects of sports participation, it is important to first understand the overall effects of elite sports participation, as alterations to tissue structure from sports participation in general may mimic those seen following repetitive head impacts.
Diffusion-weighted magnetic resonance imaging (dMRI) and tractography allow to measure white matter tissue in the living human brain. The method provides the unique opportunity to clarify the positive and negative effects of sports participation. The method allows measuring the macro-and micro-structural composition of the brain white matter tissue in vivo (Basser et al., 1994; Basser and Jones, 2002) . The method has been previously used to examine brain tissue structural differences in both deep white matter structures (Rokem et al., 2017) (hereafter referred to as major white matter tracts) as well as superficial white matter (Fukutomi et al., 2018) (i.e., mixed with neuronal cell bodies, such as white matter in cortex; hereafter referred to as cortical white matter) and subcortical (i.e. amygdala, hippocampus, basal ganglia) white matter. A paucity of articles have studied differences in either major (Bahrami et al., 2016; Bazarian et al., 2014; Churchill et al., 2017a Churchill et al., , 2017b Davenport et al., 2016a Davenport et al., , 2016b Koerte et al., 2012; Kuzminski et al., 2018; Mayinger et al., 2018; McAllister et al., 2014; Merchant-Borna et al., 2016; Saghafi et al., 2018; Sollmann et al., 2018; Stamm et al., 2015; Yuan et al., 2018) or cortical and subcortical (Mayer et al., 2017) white matter between collision sport participants and controls (i.e., non-athletes, non-collision sport athletes, within-subject longitudinal), but few have looked at all three to fully characterize the effects of sports participation.
Recent advancements in diffusion MRI acquisition parameters, including the use of multi-shell acquisitions to exploit multi-parameter models to derive brain microstructural tissue properties such as neurite orientation dispersion and density (Zhang et al., 2012) , show promise over more traditional single-shell acquisition parameters and models for improving discrimination of brain tissue changes in a variety of human disease (Pestilli, 2018; Rokem et al., 2017; Thomason and Thompson, 2011; Wandell, 2016) . Such models can also be used to provide neurite compositional information in both deep (Jelescu and Budde, 2017; Sato et al., 2017; Schilling et al., 2018) and cortical white matter (Fukutomi et al., 2018) structures, for instance. The methods have also been used to measure the putative effects of repetitive head impacts, including disorientation of myelinated structures, disruption of myelin properties, and axonal swelling and tau -accumulation (Churchill et al., 2018 (Churchill et al., , 2017a Colgan et al., 2016; Kamagata et al., 2016; Mayer et al., 2017; Schneider et al., 2017) .
Despite methodological advances, the direct interpretations of the white matter microstructural properties derived from diffusion MRI models is challenging (Rokem et al., 2017; Wandell, 2016) . The most widely used model, diffusion tensor imaging model or DTI, has limitations, most notably the inability to accurately model regions with crossing fibers ( Jeurissen et al., 2013) . More recent models attempt to provide parameters that also characterize the tissue in the presence of crossing fibers. One of the more recent dominant models is the Neurite Orientation Dispersion model or NODDI (Zhang et al., 2012) . NODDI exploits multishell dMRI data (Frank, 2002) to characterize both axonal and dendrite (i.e. neurite) density and orientation. NODDI parameters such as orientation dispersion (ODI), neurite density (NDI) and corticospinal fluids volume fraction (ISOVF) provide measures with different degree of sensitivity to the various components of the white matter tissue microstructure. For example, differences in ODI can be attributed to a variety of biophysical or biomechanical factors including formation of new spines, microglial density, and biomechanical pulling of white matter tissue (Alexander et al., 2010; Dyrby et al., 2013; Mayer et al., 2017; Yi et al., 2019; Zhang et al., 2012) . Changes in NDI can be interpreted as changes in the density of myelinated neurites (Zhang et al., 2012) but have also been associated with hyper-phosphorylated tau-deposition in cortex (Colgan et al., 2016) , axonal beading (Skinner et al., 2015) , alterations in ionic balance , and myelin density (Luo et al., 2018; Sepehrband et al., 2015) . Finally, ISOVF relates to changes in intra-voxel fluid content (Zhang et al., 2012) and can be potentially related to changes in microscopic fluid content for example due to inflammatory processes (Fick et al., 2017; Suzuki et al., 2017) such as those observed following head impacts. In sum, the NODDI model allows us to evaluate various microstructural parameters with different biological interpretations. To date, it is agreed that it is difficult to uniquely interpret the differences in any of the parameters as a reduction or increase in brain tissue quality. Nonetheless, the parameters can be used for predictions or correlated with phenotypic characteristics of the study participants to clarify the putative effects -positive or negative-of sports participation on the brain white matter tissue.
The present study contributes to the larger societal needs to identify the effects of sports participation on the brain tissue by combining anatomically guided methods for brain tissue microstructural mapping (Fukutomi et al., 2018; Pedregosa et al., 2011; Pestilli et al., 2014; Rokem et al., 2017; Takemura et al., 2016; Wandell, 2016; Zhang et al., 2012) with machine learning classification methods (Pedregosa et al., 2011) . More specifically, we measured the biological properties of human brain tissue in two elite athlete groups and a control group. We measured athletes from collision (football players) and non-collision sports (cross-country runners) and compared them to non-athlete students. We focused our analyses on the microstructural properties of the myelinated brain tissue (i.e. white matter) for three reasons. First, the alterations in myelinated tissue can be used to identify both positive and negative effects of long-term sports participation, including neuroinflammation and neuroplasticity. Second, diffuse axonal injury and atrophy of myelinated tissue are consistent features found in the brains of those diagnosed with CTE at autopsy (Chappell et al., 2006; Graham et al., 2014; Smith, 2016) , and are thought to be precursors to the tau build-up (McKee et al., 2015) . Third, simulations of the forces generated during impacts in football have been found to be concentrated the most in deep, major white matter structures and regions where there is a transition between myelinated axons and cell bodies (Hernandez et al., 2015) . We, therefore, hypothesized that the most predictive biomarkers would be: a) on a microstructural level and b) in deep white matter structures. We tested this hypothesis using dMRI, an in vivo imaging methodology, to examine the microstructural properties of myelinated tissue.
To fully characterize the microstructural properties of the white matter tissue in the brain, we segmented 196 anatomical structures (158 cortical, 15 subcortical parcels, and 29 major white matter tracts) and compared their microstructural signatures across football players, cross-country runners, and non-athletes. We used advanced tractography (Takemura et al., 2016; Tournier et al., 2012; Yeatman et al., 2012) and cortical surface-mapping (Fukutomi et al., 2018) , in combination with modern microstructural tissue mapping (Daducci et al., 2015; Zhang et al., 2012) methods and machine learning classifiers (MLCs). Anatomically-informed measurements demonstrate widespread differences in tissue microstructure across all major structures (cortical, subcortical, and deep white matter structures). In order to determine which tissue type (cortical, subcortical, or deep white matter) might be more susceptible to the effects of repetitive head impacts, data from the 196 brain structures were used to train an ensemble of MLCs to identify sport-participation group (i.e. football, cross-country, non-athlete) from brain tissue microstructural properties. This procedure identified the critical brain structures and tissue properties most informative in classifying football players from cross-country runners and non-athletes. MLCs reached very high classification accuracy, peaking over 90%. We tested a series of theory-driven hypotheses to identify the variables that best drive the measured microstructural tissue differences in major white-matter tracts and rule out a series of alternative nuisance drivers such as socioeconomic variables (Kellar et al., 2018; Leijser et al., 2018 ) and brain tissue size and volume.
Finally, we promote open science and reproducibility by making our data and methods fully available to the wider scientific community. Deidentified data are shared minimally processed and are published using brainlife.io. The brainlife.io platform allows publishing processed data and associated analyses step (Apps) integrated into a single record referenced by a digital-object-identifier (Avesani et al., 2019) (DOI) . Apps and data are interlinked and each dataset is preserved with associated provenance information to allow other investigators to download the analyses or reuse the App on the cloud platform. Data and Apps associated with the present project are published and preserved at https://doi.org/10.25663/brainlife.pub.5 .
Methods
Open cloud computing services developed for this study on brainlife.io. We investigated how the microstructural properties of the cortical and subcortical white matter might differ among football players, cross-country runners and non-athletes. To do so, we developed a reproducible data processing workflow using the cloud computing platform brainlife.io (Avesani et al., 2019) . Our workflow was comprised of 16 brainlife.io Apps (see also Table 1 ). We used the Freesurfer app ( brainlife.app.0 ) to segment cortical and subcortical white matter parcels (Fischl, 2012) ( Figure 2a ; see also Methods: Anatomical Preprocessing ). We used an empirically-documented parcellation scheme that grouped cortical white matter parcels into eight regions that have been historically associated with a variety of functional domains and behaviors (Chayer and Freedman, 2001; Ebbesen and Brecht, 2017; Gerard et al., 1933; Gogolla, 2017; Irimia et al., 2012; Kanwisher, 2010; Rajmohan and Mohandas, 2007; Scott et al., 2000; Singh-Curry and Husain, 2009; Tootell et al., 1998) ( Figure 2a bottom). We used the NODDI ( brainlife.app.35 ) and Cortex Tissue Mapping ( brainlife.app.159 ) apps to map the neurite tissue properties derived using the NODDI model (Zhang et al., 2012) in the cortical white matter parcels (Fukutomi et al., 2018) . Using Freesurfer, we also mapped the average neurite tissue properties derived using NODDI in the subcortical white matter. The NODDI model estimates brain microstructural properties such as neurite orientation dispersion (i.e., ODI ), neurite density (i.e., NDI ), and CSF volume fraction (i.e., ISOVF ). See Methods: Neurite Orientation Dispersion and Density Imaging (NODDI) for details on the microstructural modelling and interpretation.
We also investigated how the microstructural tissue properties in major white matter tracts differed among the three groups. For this purpose, twenty nine major white-matter tracts (Mori et al., 2005; Pestilli, 2018; Rokem et al., 2017; Yeatman et al., 2012) were identified using the Ensemble Tractography ( brainlife.app.33 ) app to perform tractography (Takemura et al., 2016) and the White Matter Anatomy Segmentation ( brainlife.app.41 ) app for segmentation of major white matter tracts ( Figure 3a ; see also Methods: Ensemble tractography and Tract segmentation ). We used the NODDI ( brainlife.app.35 ) app to estimate the microstructural properties of the major white matter tissue using parameters derived with the NODDI model (Daducci et al., 2015; Zhang et al., 2012) and the Tract Analysis Profiles ( brainlife.app.43 ) app to map these parameters on the anatomy of each tract of interest (Yeatman et al., 2012) . See also Methods: Tract profile generation . We used an empirically-documented parcellation scheme that grouped major white matter tracts that have been historically associated with a variety of functional domains and behaviors (Schmahmann and Pandya, 2006) ( Figure 4a ).
Availability of data and open services for reproducibility of the data analyses.
The data processing pipeline ( Table 1 ) outlined in the Methods section of this paper can be accessed as computable applications via open services hosted at brainlife.io (Avesani et al., 2019; Stewart et al., 2015; Towns et al., 2014) , or as static code. The services allow processing of data in the same fashion outlined below . The services can be viewed here https://doi.org/10.25663/brainlife.pub.5 an d links to public github.com repositories with the source code are included for each step described below and in Table 1 .
Data sources for the analyses of the scientific articles. Data utilized for Figure 1c were collected by performing customized searches on the NIH PubMed portal. Search results were generated using the format:
Search query for "Impact/TBI/CTE." (((((((((((((((((((((((sports[Text Word]) OR (sports participation[Text Word])) OR (elite[Text Word])) OR (world class[Text Word])) OR (professional athlete/s[Text Word])) OR (athlete[Text Word])) AND (white matter[Text Word]))) NOT (chess[Text Word])) NOT (music[Text Word])) Search query for "Sports & white matter."
NOT (Concussion[Text Word])) NOT (concussion[Text Word])) NOT (head trauma[Text Word])) NOT (brain trauma[Text Word])) NOT (brain injury[Text Word])) NOT (TBI[Text Word])) NOT (brain damage[Text Word])) NOT (concussions[Text Word])) NOT (repetitive head impacts[Text Word])) NOT (RHI[Text Word])) NOT (head impact[Text Word])) NOT (CTE[Text Word])) NOT (injury[Text Word]) .
Literature searches were conducted on December 20, 2019.
Neuroimaging data sources. Data were collected at the Indiana University Imaging Research Facility (IRF, https://www.indiana.edu/~irf/home ).
Study participants.
A total of fifty one male participants participated in the study. Twenty one participants were 4th and 5th year varsity Indiana University (IU) football "starters" (age 21.1 ± 1.5 years). This number accounts for approximately 60% of the total IU football team active players matching our criteria. Members of the IU cross-country running team were included as a non-collision sport group, and were matched to the football players based on age and experience level. This left us with 19 eligible members in our age group -20.2 ± 2.5 years. Ten controls (non-athletes) participants were selected from the limited pool of students that could be accessed at IU using an online questionnaire to identify socioeconomically matched individuals to the football players (age 19.9 ± 3). We note that, due to the difficulty administering the socioeconomic status questionnaire only Psychology and Neuroscience undergraduates were included in the study thus limiting our non-athlete selection pool. Following scanning, football players received a socioeconomic status survey gathering information regarding estimated family income and the area in which they were raised (i.e. urban, small town, suburbs). Potential participants were excluded if they reported a diagnosed concussion within 6 months of the beginning of the study. One football player did not complete the study, three football players did not complete the diffusion MRI (dMRI) scans, and data from 9 participants (3 football, 4 cross-country, 2 non-athlete) were removed due to image acquisition artifacts such as excessive motion and ghosting. This left usable datasets from 14 football players, 15 cross-country runners, and 8 non-athletes for analysis. In regards to concussion history, two football players had been diagnosed with a concussion approximately 3 years before the study and one player had been diagnosed approximately 2 years before the study. There was no history of concussion in the cross-country runners while they were at IU. No information was collected regarding the concussion history of the participants before their arrival at IU, however. Although we did not have this information available, we can estimate around 7.25% of football players to have been diagnosed with a concussion prior to college given estimates from the literature (Dompier et al., 2015) . Participants gave informed written consent that was approved by the Indiana University Institutional Review Board. All participants were recruited through flyers handed out by the athletic trainers of each team or posted around campus. Participants were compensated for participation with a cash payment.
Neuroimaging parameters. Participants were imaged using a 3-Tesla TIM Trio scanner located in the Imaging Research Facility at Indiana University. A 12-channel head coil was used as the 32-channel coil did not fit the heads of our larger subjects. Diffusion-weighted magnetic resonance imaging (dMRI) data were collected with two phase-encoding schemes, i.e anterior-posterior (AP) and posterior-anterior (PA). The following parameters were used for the dMRI pulse sequence: TR/TE = 4930/99.6 ms, iPAT acceleration factor = 2; voxel size = 2x2x2 mm isotropic, 143 diffusion-weighting directions, including sixty-four directions with b = 1000 s/mm2 and sixty-four directions with b = 2000 s/mm2. Fifteen non-weighted images were also acquired (b = 0). One T1-weighted (T1w) anatomical image was acquired for each participant using the following sequence: TR/TE = 1800/2.67 ms, TI = 900 ms, flip angle = 9°, bandwidth = 150 Hz/pixel, 160 sagittal slices, FOV = 256 mm, matrix = 256x256, slice thickness = 1 mm, resulting in 1 mm isotropic voxels. The total acquisition time for T1w was 7 minutes and 42s.
Anatomical data (T1w) processing. Raw anatomical T1w images were aligned to the anterior-posterior commissure plane (AC-PC) utilizing the Automatic Registration Toolbox (ART) (Ardekani and Bachman, 2009) function acpcdetect , which is a model-based algorithm for detecting the AC and PC and aligning these points into the same plane. Following AC-PC alignment, the anatomical images were segmented into multiple tissue types and brain areas using Freesurfer (Fischl, 2012) . A mask representing all of the voxels identified by Freesurfer as comprising the total white matter volume was generated and used to seed tractography (see Methods: Ensemble Tractography ). The Freesurfer segmentation also provided information regarding total brain volume, cortical thickness, cortical regions-of-interest (ROIs) and pial and white matter surfaces, all measurements and images used for statistical analyses ( Methods: Statistical analysis ). Surfaces generated from Freesurfer were used for white matter mapping of Neurite Orientation Dispersion and Density Imaging parameter estimates to cortical and subcortical white matter parcels (see Methods: NODDI cortical and subcortical white matter mapping ).
Diffusion data (dMRI) processing. Raw dMRI images were first reoriented to match the orientation of the MNI152 template using the fslreorient2std command provided by the FMRIB Software Library (FSL). The opposite-facing distortions corresponding to each phase encoding direction (i.e. PA and AP) were then combined into a single corrected image in a method similar to the one described in Andersson and colleagues (2003) (Andersson et al., 2003; Smith et al., 2004) (i.e. top-up command) as provided by FSL (Jenkinson et al., 2012; Woolrich et al., 2009 ) . Eddy-current and motion correction was then applied via the eddy_openmp command provided by FSL. The rotations applied during the previous steps were checked using an in-house MATLAB code that tests different rotations by fitting tensors and performing simple tractography and counting the number of long fibers. Flip recommendation is made based on the rotation that generates the highest number. The proper rotation about the z-axis was then applied, and the b-values (i.e. bvals) were normalized to the thousands by removing ±5 (i.e. 0, 1000, 2000). The dMRI images were then split into separate images based on the gradient strength (i.e b-value). The dMRI image for the b = 1000 shell was then linearly registered to their corresponding, AC-PC aligned, anatomical image using the dtiinit command provided by Vistasoft ( https://github.com/vistalab/vistasoft ) which utilizes the dtiRawAlignToT1 , dtiRawResample, and dtiRawReorientBvecs commands provided by Vistasoft. This aligned data shell was used in subsequent tractography described in Methods: Ensemble Tractography .
White matter microstructure modelling: Neurite Orientation Dispersion and Density Imaging (NODDI).
In order to investigate advanced microstructural properties of white matter, the Neurite Orientation Dispersion and Density Imaging (NODDI) (Zhang et al., 2012) model was fit to the multi-shell (i.e. b = 1000, 2000 s/mm 2 ) dMRI data via the Accelerated Microstructure Imaging via Convex Optimization (AMICO; https://github.com/daducci/AMICO ; (Daducci et al., 2015) toolbox. The NODDI model represents the diffusion of water in a given location based on biophysical decay patterns of different tissues (i.e. axons, glial cells, extra-axonal space) based on the following function:
, where A ic and A ec are the normalized signal of (1
intra-cellular and extra-ceullar components, respectively. Metrics obtained from the NODDI model include intra-cellular volume fraction (ICVF), which is a measure of neurite density ( NDI ), orientation dispersion ( ODI ), a measure of spread or fanning of neurites, and isotropic volume fraction ( IsoVF ), a measure of CSF water volume fraction. The AMICO toolbox was used in order to significantly speed-up the time necessary to fit the NODDI model by reformulating the NODDI model as a linear system, without sacrificing accuracy (Daducci et al., 2015) . Before model fitting, the multi-shell dMRI image was linearly aligned to the single-shell, anatomically-aligned dMRI image using the flirt command provided by FSL. For major white matter tract analysis, the isotropic diffusivity parameter (d iso ) was set to 3.0x10 -3 m 2 /s (the rate of unhindered diffusion of water) while the intrinsic free diffusivity parameter (d ∥ ) was set to 1.7x10 -3 mm 2 /s . For cortical white matter parcel analyses, the isotropic diffusivity parameter was also set to 3.0x10 -3 mm 2 /s while the intrinsic free diffusivity parameter was set to 1.1x10 -3 mm 2 /s, which is the optimal value of diffusivity found by Fukutomi & colleagues (Fukutomi et al., 2018) .
White matter microstructure modelling: Ensemble Tractography. Ensemble Tractography (Takemura et al., 2016) (ET) was used to generate tractograms on the b = 1000 s/mm 2 shell of each participant. ET involves the generation of a large set of candidate streamlines over multiple tractography types (tensor, deterministic, probabilistic) and parameters utilizing commands provided by MRTrix 0.2.12 (Tournier et al., 2012) . Using the white matter mask generated as described in Methods: Anatomical processing as a seed-region, 615,000 total streamlines were generated over 4 L max (i.e. maximal order of the spherical harmonics) parameters (i.e. 2, 4, 6, 8) and 5 curvature parameters (i.e. 0.25, 0.5, 1, 2, 4) with a step-size of 0.2 mm .
White matter microstructure modelling: Major white matter tracts segmentation. 79 human white matter tracts were segmented using a custom version of white matter query language . Due to sparse numbers of streamlines contained in some tracts, we selected tracts that had at least 100 streamlines for every subject to include in future analyses. 29 tracts met this requirement: Corpus Callosum, Callosum In order to test our functional expertise hypothesis, these tracts were then grouped into three domains that have been historically associated with a variety of behaviors based on whether they were part of the Corpus Callosum (i.e., Callosal tracts), have cortical-cortical terminations (i.e., Associative tracts), or cortical-brainstem terminations (Schmahmann and Pandya, 2006 ) (i.e., Projection tracts) (see Supplemental Table 3 for mapping between tracts and functional domain).
White matter microstructure modelling: Tract profile generation. Tract profiles (Yeatman et al., 2012) for each NODDI parameter estimate (i.e. NDI, ODI, ISOVF ) were generated by estimating the "core" representation of each tract, resampling and segmenting each streamline into 200 equally-spaced nodes, applying a gaussian weight to each streamline based on distance away from the "core", and obtaining the weighted average metric at each node. This was performed using in-house MATLAB code utilizing the Compute_FA_AlongFG command provided by Vistasoft. In order to avoid partial-voluming effects and cleanly separate tract from gray matter, we removed the first and last 10 nodes from the tract profiles for our white matter tract analyses. Averages were then computed for each tract, along the 180 nodes, collapsed over each group, and were displayed in Tract Profiles (Yeatman et al., 2012) for group comparisons ( Results: Fig. 4 ) .
White matter microstructure modelling: Tract statistics: length and volume. The mean length and volume of each tract were computed using in-house matlab code. Length was computed using the following equation:
, where n is the number of streamlines, i is a given streamline in the set n , and e ni1 ength
2 and e ni2 are the two endpoint locations (3D coordinates) for a given streamline. Volume was computed by counting the number of 1mm voxels that all streamlines in a given tract occupy.
Cortical and subcortical white matter mapping. NODDI measures were mapped to each participant's cortical white matter parcels following methods found in Fukutomi and colleagues (Fukutomi et al., 2018) using functions provided by Workbench Command. First, mid-thickness surfaces between the cortical pial surface and white matter surface provided by Freesurfer segmentation were computed using the wb_command -surface-cortex-layer function provided by Workbench command. This surface represents an area with an intermediate amount of myelination. NODDI cortical white matter volumes were then resampled to the mid-thickness surface space using the wb_command -volume-affine-resample function for each participant. A Gaussian smoothing kernel (FWHM = ~4mm, σ = 5/3mm) was applied along the axis normal to the surface, and NODDI measures were mapped using the wb_command -volume-to-surface-mapping function. Freesurfer was also used to map the average NODDI parameter estimates to subcortical white matter parcels. NODDI parameter estimates for each segmented cortical and subcortical white matter parcel were extracted and averages for each parcel were computed for each participant. Group average and SE's for each parcel were computed and used for machine-learning classifier analyses (see Methods: Machine-learning classifiers ).
Machine-learning classifiers. We used a variety of machine-learning classifiers to determine whether the cortical white matter parcels, subcortical white matter parcels, or the major white matter tracts could be used to classify participants into their respective groups (collision sports: football, non-collision sports: cross-country runners, non-athletes). Using in-house python code (Kitchell et al., 2018) and http://scikit-learn.org ( Pedregosa et al., 2011 ) , we set to predict group classification from NODDI parameter estimates found in: a) cortical white matter parcel mapping, b) subcortical white matter parcel mapping, or c) major white matter tract profiles. To do so, we first performed a grid search analysis to find the parameters for six models (i.e. Random Forest Classifier, AdaBoost Classifier, Support Vector Classifier (SVC), KNeighbors Classifier (KNN), Decision Tree Classifier, Logistic Regression) that had the highest classification accuracy using the GridSearchCV command provided by scikit-learn. Within this gridsearch, we used a Leave-One-Out cross-validation method in which models were trained on a subset of N-1 participants and predicted the classification of the left-out subject. The grid search algorithm fit classifiers containing all NODDI measures from all segmented cortical white matter parcels, subcortical white matter parcels, or major white matter tracts swept over all possible parameter settings for each model and all Leave-One-Out train-test pairings, and reported the highest classification accuracy and the parameters that produced said accuracy. Supplemental  Table 5 lists all of the parameters, the highest classification accuracy for each model tested, and the parameters that generated the best classification accuracy in the gridsearch. Using the best parameter for each machine-learning classifier, we then fit each classifier 100 times implementing a Leave-One-Out cross-validation method using the LeaveOneOut and cross_val_scores functions from scikit-learn. Average classification accuracy and SD for each machine-learning classifier were computed, and the results were reported from the best classifier (i.e. highest accuracy, lowest SD). A description of how the data were fed into the machine learning classifiers can be found in Results: Figure 5b .
Model testing and accuracy. We tested multiple classification models to test the four dimensions of potential group differences. The first model ( Model 1: Full model ) treated the three groups as independent. The second ( Model 2: Sports participation ) combined all athletes together in order to test for the effect of long-term exposure to collegiate athletics. The third ( Model 3: Socioeconomic background ) grouped together those matched on socioeconomic background (i.e. football players and non-athletes) to test for the effects of upbringing. The final model ( Model 4: Collision risk ) grouped participants based on collision risk, with football players having a high risk and cross-country runners and non-athletes having a low risk. We followed the same methodology outlined in Methods: Machine-learning classifiers and Results: Figure 5b and compared the accuracy of each model. Model 1 ( Full model; 33% chance) has a different chance baseline as compared to Models 2-4 (50% chance). Because of this, we calculated and compared the accuracy above chance (i.e. relative accuracy) using the following equation: R AC =(Accuracy -Chance) / (max Accuracy -Chance) , with max Accuracy = 1 . Along with relative accuracy, raw accuracy and Bayesian Information Criterion BIC were calculated and reported.
Functional expertise hypothesis testing. We tested for the effects of sport-specific functional expertise on brain tissue microstructure by first grouping segmented cortical white matter parcels and major white matter tracts into historically-associated functional domains (see Supplemental Tables 1 and 3 for structure-functional domain groupings). We then trained machine-learning classifiers on NODDI parameter estimate data from each functional domain implementing the same procedure as in Methods: Machine-learning classifiers . We reported the average classification accuracy and SD across all functional domains.
Signal-to-noise ratio (SNR) calculation. Signal-to-noise ratio (SNR) was calculated on the normalized multi-shell dMRI image using DIPY's workflow for calculating SNR (Descoteaux et al., 2011; Garyfallidis et al., 2014; Jones et al., 2013) . First, a mask of the corpus callosum was generated from the dMRI image. The mean signal in each direction (i.e. X, Y, Z) and the dwi images without a diffusion gradient (i.e. b0 images) were then calculated inside the corpus callosum mask. Next, the standard deviation of the signal in the background of the image outside of the brain was calculated. The ratio between the mean signal in the corpus callosum mask for each direction and the standard deviation of the noise was computed for each subject and used for statistical analyses (see Methods: Statistical analyses ). We reported the value found in the b0 image, representing the best possible SNR of the data.
Statistical analyses. Cortical, subcortical parcels and white matter tracts. We performed multiple 3-way ANOVAS to test for differences in each NODDI parameter estimate between groups, and for interactions between groups and lobes/parcels. We utilized MATLAB's anovan function to test for differences and interactions. Bonferroni multiple comparisons correction was performed. Because we performed separate ANOVAs for each measure, we only reported differences that met significance at a bonferroni-corrected p = 0.05 / 3 (i.e. 0.0167). Demographics, brain size, body size.
We performed multiple one-way ANOVAS between our groups utilizing MatLab's anova1 function to test for differences in the following: age, body weight, SNR, average gray-matter cortical thickness, total brain volume, gray-matter cortical volume and white matter volume. Bonferroni multiple comparisons correction was performed, and all reported p-values were significant below a corrected p < 0.05 value. Structure size versus NODDI parameter estimate . We computed the regression between NODDI parameter estimates and various macro-measures of segmented structures, including volume and thickness for cortical white matter parcels, and volume and length for major white matter tracts. Differences were tested utilizing MatLab's aoctool . Bonferroni multiple comparisons correction was performed, and all reported p-values were significant below a corrected p < 0.05 value.
Results
Microstructural estimates of cortical and subcortical white matter. Table 1 reports the mapping between the Freesurfer parcels and ROIs in a .
We investigated how the microstructural properties of the cortical and subcortical white matter might differ among football players, cross-country runners and non-athletes. To do so, a 3 -way ANOVA was performed to test the effects of group (football, cross-country runners, non-athletes) on NODDI parameter estimates. Because each NODDI parameters estimates were tested separately, differences were found to be statistically-significant at a bonferroni-corrected significance level of 0.5 divided by the 3 NODDI parameter estimates, giving a significance level of 0.0167. Football players, on average, had the highest NODDI parameter estimates of the three groups across all cortical white matter parcels (ODI: F(2,6494) = 266.29, p < 0.0167, NDI: F(2,6494) = 1013.07, p < 0.0167, ISOVF: F(2,6494) = 220.44, p < 0.0167) ( Figure 2c ). ODI, a measure of neurite orientation dispersion, was 0.0157 (± 0.0181 SE, p < 0.0167) higher in football players than in cross-country runners and 0.0382 (± 0.0225 SE, p < 0.0167) higher than non-athletes ( top left ). NDI, a measure of neurite density, was 0.0294 (± 0.0197 SE, p < 0.0167) higher in football players than cross-country runners and 0.0777 (± 0.0184 SE, p < 0.0167) higher than in non-athletes ( bottom left ).
Finally, ISOVF, a measure of CSF volume fraction, trended to be 0.0030 (± 0.0271 SE, p > 0.0167) higher in football players than in cross-country runners and was 0.0389 (± 0.0346 SE, p < 0.0167) significantly higher than in non-athletes ( top right ). Cross-country runners had an ODI 0.0225 (± 0.0228 SE, p < 0.0167) higher than non-athletes, an NDI 0.0483 (± 0.0176 SE, p < 0.0167) higher than non-athletes, and an ISOVF 0.0359 (± 0.0345 SE, p < 0.0167) higher than non-athletes. A significant group x lobe interaction also existed in ODI, NDI, and ISOVF (ODI: F(14,5230) = 2.07; p < 0.0167; NDI: F(14,5230) = 5.31; p < 0.0167; ISOVF: F(14,5230) = 5.06, p < 0.0167). Supplementary Table 2 reports the tracts that displayed significant differences in NODDI parameter estimates between groups. All lobes investigated demonstrated significant differences between groups, suggesting that NODDI parameter estimates differed broadly across cortical white matter, regardless of functional region ( Figure 2b ).
Microstructural estimates in the human major white matter tracts. Collegiate athletes were found to have higher NODDI parameter estimates across the majority of the Right ILF ( Figure 3b ) , and across a majority of the segmented tracts than non-athletes ( Figure 4b ) regardless of functional domain, similar to the results found in the cortical and subcortical white matter parcels. An 3 -way ANOVA testing the effects of group (football, cross-country runners, non-athletes) on NODDI parameter estimates was performed. Because each NODDI parameter estimates were tested separately, differences were found to be statistically-significant at a bonferroni-corrected significance level of 0.05 divided by the 3 NODDI parameter estimates), giving a significance level of 0.0167. Football players had the highest NODDI parameter estimates of the three groups (ODI: F(2,986) = 215.78, p < 0.0167, NDI: F(2,986) = 15178.05, p < 0.0167, ISOVF: F(2,986) = 3323.81, p < 0.0167) ( Figure 4c ). Football players had an average ODI value 0.0233 (± 0.0164 SE, p < 0.0167) higher than cross-country runners and 0.0405 (± 0.0196 SE, p < 0.0167) higher than non-athletes ( top left ). They had an average NDI value 0.0417 (± 0.0252 SE, p < 0.0167) higher than cross-country runners and 0.0786 (± 0.0276 SE, p < 0.0167) higher than non-athletes ( bottom left ). Finally, football players had an average ISOVF value 0.0139 (± 0.0240 SE, p < 0.0167) higher than cross-country runners and 0.0392 (± 0.0240 SE, p < 0.0167) higher than non-athletes ( top right ). Cross-country runners had an average ODI value 0.0172 (± 0.0192 SE, p < 0.0167) higher than non-athletes , an average NDI value 0.0369 (± 0.0258 SE, p < 0.0167) higher than non-athletes, and an average ISOVF value 0.0254 (± 0.0231 SE, p < 0.0167) higher than non-athletes. A significant group x tract interaction also existed in ODI and ISOVF (ODI: F(56,986) = 2.07; p < 0.0167; ISOVF: F(56,986) = 2.96, p < 0.0167). Supplementary Table 4 reports the tracts that displayed significant differences in NODDI parameter estimates between groups. These tracts included: Right pArc, Left Anterior thalamic radiation, Left Thalamic-spinal tract, Right ILF, Right Inferior thalamic radiation, Right Thalamic-cerebellar tract, Right Thalamic-spinal tract, Right Uncinate, Corpus Callosum, and Callosum Forceps Minor. Supplemental Table 3 for explanation of domains). b. Average group ODI, NDI, and ISOVF values for all major white matter tracts (circle: football players, square: cross-country runners, diamond: non-athletes). Error bars ±1 SE. c. Group average of the microstructural estimates for each ROI plotted for the non-athlete control participants (ordinate) and athlete group (abscissa). Group and symbols: Football players vs Non-athlete (blue squares), Football vs Cross-country runners (pink circles).
Brain volume does not explain white matter microstructural property differences despite differences in body mass.
Football players, on average, have a different body composition and size as compared to cross-country runners and the average non-athlete student ( Figure 5e ). Because of this, we tested whether the differences in microstructural tissue properties reported in Results may be due to differences in overall brain size. To test this, we obtained the brain volume, cortical volume, white matter volume, and cortical thickness measures from each participant using Freesurfer ( Methods: Anatomical data (T1w) processing ) and computed one-way ANOVAs between our groups for each measure (bonferroni corrected p < 0.05). We found no significant difference between our groups in terms of either brain volume ( Figure 5a ), cortical volume ( Figure  5b ), white-matter volume ( Figure 5c ), or cortical thickness ( Figure 5d ).
Figure 5. Total brain volume, gray-matter cortical volume, white matter volume, and average gray-matter cortical thickness show no differences between groups despite differences in body mass.
Group distributions of total brain volume ( a ), cortical volume ( b ), white matter volume ( c ), and average cortical thickness ( d ). One-way ANOVAs showed no significant differences between the groups in these measures. A significant difference was observed between the mass ( e ) of football players and the two other groups (p < 0.005 bonferroni corrected).
Major white-matter tract microstructure is a better predictor of participation in collision sports than cortical or subcortical microstructure
The central nervous system tissue differs in both position and structure across the cerebrum. Differences in position and structure can, in principle, make nervous tissue differentially susceptible to the inertial and contact forces generated during head impacts ( Figure 1 ). We reported white-matter microstructure differences among athletes and nonathlete groups, in cortical and subcortical parcels and major white matter tracts. However, this does not guarantee tissue properties of cortical white matter parcels, subcortical white matter parcels, and/or major white matter tracts are predictive of participating in elite collegiate collision sports or not. Understanding the relationship between collegiate collision sport participation and the location of differences in tissue properties can help us to better understand tissue changes related to long-term participation in collision-sports.
To approach this critical issue, we trained six different machine-learning classifiers (Pedregosa et al., 2011) (MLCs) with the NODDI model parameters in either the cortical white matter, subcortical white matter, or the major white matter tracts as the classification features (see also Methods: Machine learning classifiers ). We first constructed 3-dimensional array (Caiafa and Pestilli, 2017) for each tract ( ; m = number of tracts; Figure  6b ) to determine how well the tissue properties of the major white matter tracts might predict group membership. The first mode of encoded the number of data points per structure (N). The second mode encoded the NODDI measure (ODI, NDI, and ISOVF). The third mode encoded participants and groups (collision sports: football players orange ; non-collision sports: cross-country runners and non-athletes purple ); Figure 6b ). A leave-one-out cross-validation procedure, in mode three at the participant-level, was used to train each MLC ( Figure 6b ; black) . For each MLC, we calculated the cross-validated classification accuracy in predicting participant group (all measures of accuracy reported hereafter are cross-validated). The process was repeated 100 times for each MLC and mean classification accuracy was collected. We then performed a similar classification procedure for each cortical and subcortical parcel to determine how well the tissue properties of cortical white matter parcels and subcortical white matter parcels might predict membership to our collision-sports group.
Figure 6b
summarizes the results of the machine learning classification analysis across all MLCs and iterations. Notably, microstructure tissue features from the major white matter tracts provided the best classification performance. The microstructural properties of the major white matter tracts performed the best at classification, with an average classification accuracy of 85.3% (± 2.32% SD). Mean classification across MLCs using cortical white matter parcel features was 77.2% (± 9.32% SD). and 72.9% (± 3.14% SD) for subcortical white matter parcels features. Although the classification accuracies from major white matter tracts and cortical white matter parcels overlapped, the spread of the distribution of accuracies from major white matter tracts was smaller than that of cortical white matter parcels making it a more-precise predictor of collision-sports participation. Figure 6 . The major white-matter tracts best classify the collision sport participants. a. Illustration of the data structure used to train machine learning classifiers. Multi-dimensional arrays were generated for every major white matter tract or cortical or subcortical white matter parcel (i.e. m). Average microstructural measures from NODDI for each subject and parcel or tract were put in the array, with their corresponding group classification (collision sports: football players orange , non-collision sports: cross-country runners + non-athletes purple ). One subject's data (black square) was removed before training of the MLCs (i.e. Random Forest Classification, Ada-boost, Support-Vector Classifier, K-Nearest-Neighbors, Decision Tree Classifier, and Logistic Regression) and was classified by the trained models. This process was repeated for every participant for 100 iterations. The goal of this process was to find the best hyper-plane to classify the participants into their respective groups based on brain data. b. Distribution of mean classification accuracy across all MLCs for each tissue type (major white matter tracts: dark blue ; cortical white matter parcels: light blue ; subcortical white matter parcels: light red ). Error bars ± 1 STE.
Collision sports participation and socioeconomic background cannot fully explain differences in brain microstructure
The results described in the previous sections demonstrate, first, that there are widespread differences in microstructural tissue properties between collision sport participants (football players) and non-collision sport participants (cross-country runner) and non-athletes on a variety of microstructural measures. Second, the differences found in major white matter tracts better predicted collision-sports participation. Specifically, football players had the highest ODI, NDI, and ISOVF estimates suggesting that subconcussive impacts during sport participation may have led to alterations in myelinated neurite tissue associated with a state of stress or repair. A higher ODI, for instance, suggests a loss of coherence in the organization of neurite tissue (Zhang et al., 2012) or increases in microglial density (Yi et al., 2019) in football players relative to other athletes and non-athletes. A higher NDI suggests that the neurites might be swollen (Dowell et al., 2017; Wang et al., 2019) or under a process of remyelination (Jespersen et al., 2010; Luo et al., 2018; Sepehrband et al., 2015) .b Finally, a higher ISOVF suggests that neuroinflammatory processes is occurring (Zhang et al., 2012) . All of these processes have been documented previously in investigations of the effects of repetitive head impacts on brain tissue (Giza and Hovda, 2014; Israelsson et al., 2008; Johnson et al., 2013; LaPlaca et al., 2005; Shultz et al., 2012) . This rationale can explain why football players have higher estimates than cross-country runners and non-athletes, but cannot explain why cross-country runners have higher estimates than non-athletes. According to our rationale, estimates in cross-country runners and non-athletes should be similar because neither are associated with repetitive head impacts. Illustration of MLC models being tested. Model 1: Full model classification of all three groups (i.e. Football: orange helmets, Cross-country runners: pink runners, Non-athlete students: blue books). Models 2-4 (i.e. Sports participation, Socioeconomic background, and repetitive hit exposure ) required classification of two groups: football players + cross-country runners vs non-athlete students (2), football players + non-athlete students vs cross-country runners (3), cross-country runners + non-athlete students vs football players (4). b. Median Relative Accuracy (i.e., , chance Model 1 = 33%, chance Models 2-4 50%) of models using microstructural data from major white matter tracts ( blue ), cortical white matter parcels ( dark red ), and subcortical white matter parcels ( light red ). Error bars ± 1 STE.
Hereafter, we set to clarify this issue and the most likely reasons for the pattern of results with highest NODDI parameters for the football players, intermediate for the cross country runners, and lowest for the non-athlete controls. These groups may differ in at least four dimensions: (1) participant group (Football vs. running vs non-athletic), (2) athletic performance (being expert athletes or not), (3) socioeconomic background, and (4) level of exposure to repetitive head impacts (collision prone sport participation or not). To sort out which of these factors may be the driving factor of the results reported in the previous section, we tested a series of models by differentially grouping our participants before classification ( Figure 7a ). The rationale for this is that the higher the classification performance for a particular model, the more similar grouped participants are in terms of brain tissue microstructure.
We measured the relative classification accuracy of four classification models ( Figure 7a ) to investigate the predictive power of our different groups, when combined into different set. First, accuracy was estimated for a model that treated the three groups as independent ( Model 1: Full model ). If Model 1 performed with the best classification accuracy, then the full constellation of differences between our 3 groups may best explain differences in microstructural tissue properties. Second, accuracy was estimated for a model that grouped all athletes together to measure classification accuracy of athletes (combined) in comparison to non athletes (Model 2: Sports participation) . If Model 2 performed the best, then the commonality of elite sports participation may be the cause of brain tissue microstructure differences in comparison to non-athletes. Third, accuracy was estimated for a model grouping football players and non-athletes together to test for effects of socio-economic background ( Model 3 : Socioeconomic background , see Methods: Study participants ). If Model 3 performed the best, then socioeconomic background and the upbringing of the participants may have a large influence on brain tissue microstructure. Finally, accuracy was estimated for a classification model that grouped participants by repetitive hit exposure -high for football players and low for cross-country runners and non-athletes ( Model 4: Repetitive Hit Exposure ). If Model 4 performed the best, then exposure to repetitive head impacts and the forces generated those impacts may have a large influence on brain tissue microstructure. Specifically, comparing the accuracies of Models 2 and 4 will help determine whether brain tissue microstructural properties are affected equally across sports, or whether repetitive head impacts maybe a significant contributor to brain tissue microstructural property differences. We note that Model 1 and 2-4 have different chance baseline (33% and 50% respectively). Thusly, to compare classification performance across models, we computed the accuracy above chance ( Eq. 1 ) -hereafter referred to as relative accuracy: R AC =(Accuracy -Chance) / (max Accuracy -Chance), Eq. (1) ,
The median R AC from the best performing classifier, and across all machine-learning classifiers, for each model and tissue type is reported in Figure 7b . Supplemental Figure 7d -f reports the accuracy, relative accuracy, and the quality of fit of each classifier (as Bayesian Information Criteria, BIC) for each machine-learning classifier, model, and tissue type.
The highest median for major white matter tracts across all classifiers was achieved by Model 2 (81.6%, ± 8.00% SD, median BIC 16.5). This was the same for cortical white matter parcels (82.7%, ± 20.7% SD, median BIC 16.5) and subcortical white matter parcels (87.6%, ± 10.5% SD, median BIC 16.7). This suggestions collegiate athletic participation explains the largest portion of the variance of the measured differences in brain tissue microstructure. Model 1 achieved the second highest median for major white matter tracts (70.2%, ± 6.09% SD, median BIC 16.9) for major white matter tracts. This was also the same for cortical white matter parcels (69.5%, ± 20.7% SD, median BIC 17.0), and subcortical white matter parcels (50.9%, ± 15.2% SD, median BIC 17.8). This suggests that individual differences between each group may contribute to brain tissue microstructural differences. Surprisingly, Model 4 achieved only the third highest median for major white matter tracts (69.4%, ± 4.64% SD; median BIC 16.9). This was the same in cortical white matter parcels (59.8%, ± 18.6% SD, median BIC 17.3) and subcortical white matter parcels (48.6%, ± 6.28% SD, median BIC 17.8), suggesting repetitive head impact exposure may not be the most significant contributor to observed differences in brain tissue microstructure . Model 3 (socioeconomic background) achieved the lowest median for major white matter tracts (34.1%, ± 16.2% SD, median BIC 18.4) for major white matter tracts. This was also the same for cortical white matter parcels (35.1%, ± 28.2% SD, median BIC 18.2), and subcortical white matter parcels (12.7%, ± 7.38% SD, median BIC 19.9). These results demonstrate that the Sports participation (Model 2) provided the highest median indicating that sports participation in general predicted a substantial amount of the variance in the data. This may suggest the existence of a common mechanism across elite competitive sports that lead to brain tissue microstructural differences as compared to the general population. The lower classification performance of Model 3 indicates a lesser amount of the variance in the data explained by socioeconomic background, so aspects of the brain tissue in the football players is different beyond their different background from the cross-country runners.
The results indicate that there are primary differences in the three groups of participants (Model 1 has the second highest median ). Most notably, Repetitive Hit Exposure (Model 4) does not seem to be the most significant explanatory variable for differences observed in brain tissue microstructure.
Discussion
This study characterized group differences among Football, Cross-country athletes and matched non-athlete controls. Measurements were obtained in cortical and deep white matter as well as in several subcortical structures. The results demonstrated widespread differences in white matter microstructure in cortical, subcortical nuclei and major tracts between collegiate football players, cross country runners, and non-athletes. The study extended previous studies by testing a series of scientific hypotheses regarding the relationship between the measured differences in brain tissue and participation in elite sports, including collision-sports, using machine-learning. We demonstrated that the tissue properties of the major white matter tracts could be used to predict group membership with higher accuracy than tissue properties of cortical or subcortical white matter parcels, indicating that although cortical white matter, subcortical white matter, and major white matter structures are informative, major white matter tracts may be most fruitful in searching for prodromal biomarkers of participation in athletics, repetitieve head impact exposure, or other physical activities which might affect white matter A specific observation reported was the ability to use white matter tissue to identify those participating in collision-sports. We argued that if the two types of forces generated from repetitive head impacts (contact, inertial; Figure 1a ) affected the brain white matter in the participants, their impact to the tissue would be different. More specifically, we hypothesized that inertial forces would be more prominent and have a greater impact on major white matter tracts. Indeed, the major white matter tracts do show larger difference between groups and are better at identifying those participating in collision sports, so the inertial forces may be influencing tissue microstructure to a greater degree than contact forces. In all our analyses of the tracts profiles, we focused on the central portion of the white matter tracts by removing the first and last 5% of the nodes. Because of this procedure, the contact, dispersive forces are most localized toward the superficial zone of collision, they are less likely to be the sole cause of the group differences in microstructure within the white matter tracts. This interpretation is also consistent with the lower prediction power of the cortical white matter parcels ( Figure 6b ). Future investigations will be needed to clarify the effects of the different types of forces on brain tissue microstructure.
The major finding of our study, however, is that the white matter tissue provides substantial information in predicting sports participation. The major white matter tracts containing the microstructural tissue with the highest prediction information. These results suggest that elite sports participation in general has a significant impact on white matter tissue structure. The observed differences between athletes and non-athletes in white matter microstructural properties, including increased NDI, ODI, and ISOVF, may be due to a number of potential biological or biomechanical factors. An increase in NDI could be related to exercise-associated increases in synaptogenesis and dendritic spine density (Hötting and Röder, 2013) , or, alternatively, alterations in ionic balance leading to axonal swelling associated with neuroinflammatory mechanisms (Skinner et al., 2015; Wang et al., 2019) . Increased ODI may also reflect increased neuroplastic alterations as well as an increased proliferation of microglia and other neuroinflammatory-related cellular structures (Yi et al., 2019) . Overall, the corresponding increases in NDI, ODI, and ISOVF may be reflective of neuroinflammatory mechanisms related to differences in stress-levels and peripheral inflammation between athletes and non-athletes. To fully understand this difference requires a more directed investigation that is beyond the scope of this investigation.
A peculiar observation was reported in regards to the brain volumes between our three groups. Specifically, no significant differences between our three groups were observed in total brain matter volume, white matter volume, gray matter volume, or gray matter cortical thickness despite an observed difference in body mass ( Figure 5 ) . This is of particular interest as previous investigations into the effects of sports participation, collision-sports participation, and repetitive head impacts have reported differences in brain volumes between groups of interest and controls Tremblay et al., 2018) , and the relation between body weight and brain volume (Gunstad et al., 2008) . The lack of observed differences in brain volume between groups may be reflective of the effect of timing of observation, as a number of investigations into this link focus on former athletes while we observed athletes while they were still competing. However, this investigation was not designed to fully investigate this link. Future investigations are needed to fully understand the relationship between sports participation, collision-sports participation, and gross brain structure.
Relation to previous investigations. A variety of previous investigations into the effects of sports participation, repetitive head impacts and white matter tissue properties of athletes have used the diffusion tensor (DTI) model (Bahrami et al., 2016; Basser et al., 1994; Bazarian et al., 2014; Burzynska et al., 2016; Chang et al., 2015; Chun et al., 2015; Churchill et al., 2017a Churchill et al., , 2017b Davenport et al., 2016a Davenport et al., , 2016b Davenport et al., , 2014 Deng et al., 2018; Duru and Balcioglu, 2018; Gajawelli et al., 2013; Hänggi et al., 2015 Hänggi et al., , 2010 Jäncke et al., 2009; Koerte et al., 2012; Kuzminski et al., 2018; Lao et al., 2015; Marchi et al., 2013; Mayinger et al., 2018; McAllister et al., 2014; Merchant-Borna et al., 2016; Myer et al., 2018 Myer et al., , 2016a Myer et al., , 2016b Park et al., 2015; Saghafi et al., 2018; Schlaffke et al., 2014; Schranz et al., 2018; Sollmann et al., 2018; Stamm et al., 2015; Yuan et al., 2018) . The studies investigating the effects of elite sports participation commonly report lower fractional anisotropy (FA) and higher mean diffusivity (MD) between athletes and non-athletes. However, this trend is not reported in all investigations, with some finding the exact opposite trend. Of these studies investigating the effects of repetitive head impacts, results differ between studies depending on a number of factors, including: sport studied, timepoints at which athletes were scanned, and methodology employed (Schneider et al., 2019) . The inconsistency in results using DTI speaks to the need for advanced microstructural biomarkers such as the neurite orientation dispersion density imaging model -NODDI (Zhang et al., 2012) . To the authors' best knowledge, there is only one previous investigation into the effects of repetitive head impact exposure and microstructural properties derived using the NODDI model (Mayer et al., 2017) . Mayer and colleagues (Mayer et al., 2017) , investigated the effects of repetitive head impact exposure in a group of mixed-martial arts athletes and compared NODDI-derived microstructural properties to those of non-contact physically-active athlete controls. The authors did not use tract-profiles nor cortical and subcortical white matter mapping as done in the current study. They used a voxel-wise approach and reported that NDI, ODI, and ISOVF were all higher in mixed-martial arts participants in a variety of brain structures, including the hippocampus, insula, brainstem, corpus callosum, internal and external capsule, and the SLF. These results are consistent with our findings. The correspondence in the results of these two studies provide evidence that NODDI may be useful in identifying biomarkers of the effects of repetitive head impacts and predicting those who may be more susceptible to the development of head impact related CTE. To date, our study is the first to investigate collegiate athletes using NODDI and machine learning.
Several limitations to the current study exist and will need to be addressed by future research. First, due to the difficulty in collecting participants, our study had a relatively small number of participants and sports. The lack of participants reduces the interpretative power and generalization to other sports. For this reason, we openly share all the data, results and analyses in hope to contribute to the larger community in repetitive head impact research. Second, we report differences in signal to noise (SNR) across groups (see Supplementary  Figure 6q ). These differences can in principle affect the reliability of the NODDI model estimates (Daducci et al., 2015) , yet, the SNR variation across groups (higher in cross-country runners and indistinguishable between controls and football players) disagree with the direction of the effect we found. Third, our study was limited to male football players in all three groups. This is an important limitation that will need to be addressed by future research to clarify the potential role of sex differences in sports participation, repetitive head impacts and concussion.
Advancing scientific understanding of repetitive head impact exposure using open science methods and data sharing. In addition to advancing scientific understanding of participating in elite collegiate athletics and repetitive head impact exposure, we embrace an open science approach and use the recently developed cloud-computing platform brainlife.io to share the full research assets developed for the study -data and reproducible analyses methods (Avesani et al., 2019; Stewart et al., 2015; Towns et al., 2014) . This investigation is the first in the field of traumatic brain injury (TBI) to use a fully-automated open science data processing platform to process, store, and release data. The brainlife.io platform will allow other researchers to reuse the processed data derivatives and analyses methods to replicate our results and perform additional analyses. Due to the difficulties surrounding collection and analysis of data related to sports-related TBI, we believe that promoting open sharing of data and methods will become paramount for the success of the scientific enterprise. All our data, data derivatives and analyses can be found in a single digital record referenced by https://doi.org/10.25663/brainlife.pub.5 . We hope this effort will accelerate understanding into the effects of repetitive head impacts on brain tissue.
Supplemental information
Human white matter microstructure predicts elite sports participation Bradley Caron, Daniel Bullock, Lindsey Kitchell, Brent McPherson, Derek Kellar, Hu Cheng, Sharlene Newman, Nicholas Port, and Franco Pestilli Abstract Collision-sport athletes, especially football players, are exposed to a higher number of repetitive head impacts. Little is known, however, regarding the effects of long-term exposure to repetitive head impacts on brain tissue structure and the locations (i.e. superficial or deep tissue structures) affected. On top of this, little is known about the effects of highly competitive athletics on brain tissue structure. We investigated this relationship, including the baseline effect of collegiate athletic participation, by mapping measures of microstructure to cortical and subcortical white matter parcels and major white matter tracts of varsity IU football players, cross-country runners, and non-athlete students using advanced microstructural mapping techniques and machine-learning. Wide-spread differences in brain tissue microstructure across cortical, subcortical, and major white matter structures were documented. The tissue properties of the major white matter tracts were found to best predict collision-sport participation and sports participation in general, however, cortical and subcortical white matter parcels were also found to predict collision-sports participation. The biggest differences in brain tissue microstructure is between the athletes (football and cross country combined) and the non-athletes students. The rewards and risks of playing competitive sports at the highest collegiate level may account for the differences in brain microstructure. This was the first investigation into the effects of repetitive head impacts to use an open-source data processing platform brainlife.io . The data and code for these analyses are available via brainlife.io .
Cortical white matter parcel functional domain mapping.
Due to the difference in expertise between our two athlete groups, with football players being experts in sensory-motor integration and cross-country athletes being experts in sustained motor output, we hypothesized that group differences in NODDI parameter estimates may be driven by this factor. To determine this, we first grouped cortical white matter parcels segmented using Freesurfer into historically-associated functional lobes and domains [97] [98] [99] [100] [101] [102] [103] [104] [105] [106] . Supplemental Table 1 reports the structure-functional mapping used in this study, along with the internal Freesurfer ID numbers and names for each parcel. 
Parcel

Cortical white matter functional domain x group interaction.
To statistically examine the effect of functional expertise in microstructural tissue properties of the cortical white matter functional domains between football players, cross-country runners, and non-athletes, we computed the group average microstructural properties for each functional domain described in Supplemental Table 1 and performed a 3-way ANOVA. Because each NODDI parameters estimates were tested separately, differences were found to be statistically-significant at a bonferroni-corrected significance level of 0.5 divided by the number of NODDI parameter estimates (3), giving a significance level of 0.0167. Supplemental Table 2 reports the statistically significant differences between the groups for each functional domain and NODDI parameter estimate. 
Lobes
Major white matter tract functional domain mapping.
To test the effects of expertise differences on major white matter tract microstructural properties, we grouped the major white matter tracts segmented using a custom version of the white mattery query language that passed our 100 streamline criterion into historically-associated functional domains 129 . Supplemental Table 3 reports the structure-functional mapping used in this study. More specifically, major white matter tracts were classified as Associative if the termination of their streamlines were mostly cortical-cortical and within the same hemisphere. If the streamlines crossed hemispheres via the corpus callosum, we classified those as Callosal. Finally, tracts were classified as Projection if their streamline terminations were mostly cortical-subcortical or cortical-brainstem. 
Tract Name Grouping
Major white-matter tract x group interaction.
To statistically examine the effect of functional expertise in microstructural tissue properties of the major white matter tract functional domains between football players, cross-country runners, and non-athletes, we computed the group average microstructural properties for each functional domain described in Supplemental Table 3 and performed a 3-way ANOVA. Because each NODDI parameters estimates were tested separately, differences were found to be statistically-significant at a bonferroni-corrected significance level of 0.5 divided by the number of NODDI parameter estimates (3), giving a significance level of 0.0167. Supplemental Table 4 reports the statistically significant differences between the groups for each functional domain and NODDI parameter estimate. Supplemental Table 4 . Name, average difference, and p-value of tracts that displayed significant differences between groups. FB: football, CC: cross-country, NA: non-athlete . superficial white matter parcels) ( Supplemental Figure 7c ). For both major white matter tracts and cortical and subcortical white matter parcels, Model 2 provided the highest performance. Both Model 1 and Model 4 in both tissue types achieved similar performance, suggesting that differences in expertise type (i.e. football expert, running expert, student) and exposure to repetitive head impacts may contribute equally to the differences observed in brain tissue microstructural properties between our participant groups. Model 3 achieved the worst performance, suggesting that differences in their socioeconomic background are not a significant contributor to differences in brain tissue microstructural properties between our groups. We also computed the raw classification accuracy, R AC , and Bayesian information criterion (BIC) for each model in superficial white matter parcels, superficial white matter cortical parcels, superficial white matter subcortical parcels, and major white matter tracts ( Figure 7c-e ). Overall, SVC provided the best and most reliable performance across all machine-learning classifiers and tissue types.
Supplemental Figure 7c-e. Accuracy of machine-learning classifiers trained on NODDI measures. d.
Median relative accuracy (i.e. R AC ) for each machine-learning classifier analysed trained on NODDI data for specific groupings (i.e. Model 1 : Purple, Model 2 : Blue, Model 3 : Green, Model 4: Yellow). Error bars ± 1 STE (100 iterations). e. BIC for each machine-learning classifier across all groupings. Number of parameters for each MLC (SVC, KNN, LR: 5; DTC, RFC: 4; ADA: 1). f. Average classification accuracy for each machine-learning classifier across all groupings. Error bars ± 1 STE (100 iterations).
Machine-learning functional domain testing
To further examine the relationship between functional expertise and white matter microstructural properties, we used a parcellation that groups parcels or tracts into domains that have been historically-associated with specific functions for superficial white matter parcels and major white matter tracts defined in Supplemental  Tables 1,2 . We repeated our machine-learning analysis ( Methods: Machine-learning classifiers ) on NODDI parameter estimate data from each domain. The parameters from each model found during the initial GridSearch were used for these analyses ( Supplemental Table 3 ). We computed the average accuracy and SD for each domain and compared across domains for both cortical white matter parcels and major white matter tracts. No significant difference was found between functional domains in cortical white matter or major white matter tracts ( Supplemental Figure 7f ) ( Supplemental Figure 7h ), suggesting that there is no effect of functional expertise differences on brain tissue microstructural properties.
Supplemental Figure 7f . Differences in sport-specific functional expertise do not drive differences in brain tissue microstructure. f. Average classification accuracy across all machine-learning classifiers for cortical white matter parcel functional domains (i.e., Frontal, Occipital, Temporal, Parietal, Insular, Limbic, Motor, Somatosensory) and major white matter tract functional domains (i.e. Associative, Projection, Callosal). Error bars ± 1SD. h. Average classification accuracy across all machine-learning classifiers for . Error bars ± 1STE.
Testing alternative hypotheses on the differences between groups
To test whether differences in observed NODDI parameter estimates in cortical white matter parcels were driven by cortical thickness or volume, we computed regressions between each NODDI parameter for a given parcel and it's cortical thickness ( Supplemental Figure 7g ) and volume ( Supplemental Figure 7h ) and compared the intercepts and slopes. No significant differences existed between groups in terms of intercept (average NODDI parameter estimate) or slope (i.e. interaction of NODDI parameter estimate and cortical white matter parcel macro-structural measures (thickness, volume).
Supplemental Figure 7g-h. Cortical thickness & volume vs NODDI
in superficial white matter parcels show no effect of thickness or volume on NODDI parameter estimate differences between groups. g. Group scatter plots and regressions for ODI ( top row ), NDI ( middle row ), and ISOVF ( bottom row ) versus superficial white matter parcel cortical thickness (Football: orange, cross-country: pink, non-athlete: blue). h. Group scatter plots and regressions for ODI ( top row ), NDI ( middle row ), and ISOVF ( bottom row ) versus the log of the superficial white matter parcel volume (Football: orange, cross-country: pink, non-athlete: blue).
We then performed a similar analysis using measures of major white matter tract volume and length ( Methods: Tract statistics: length and volume ) ( Supplemental Figure 7o-p ) . We computed regressions for each group and compared the intercepts and slopes between groups. No significant differences existed between the groups in terms of intercept (average NODDI parameter estimate) or slope (i.e., interaction of NODDI parameter estimate and major white matter tract macro-structural measure (length, volume)).
Supplemental Figure 7k
Data quality and weight significantly differed between groups. k. SNR differed between Football players (FB: orange) and cross-country runners (CC: pink) (p = 0.0022), and cross-country runners and non-athletes (NA: blue) (p = 0.0003558).
Visualization of the NODDI parameters and quality assurance of microstructural measures.
Here we provide a few examples maps of the NODDI microstructural parameter using one representative participant per group. The goal is to demonstrate the appropriateness of the maps and similarity across participants in each group.
Supplemental Figure 8. NODDI measures examples.
Example images for quality assurance. Mid-axial slices of three participants (one from each group) of all NODDI measures.
